Interviewer observations made during the process of data collection are currently used to inform responsive design decisions, to expand the set of covariates for non-response adjustments, to explain participation in surveys and to assess non-response bias. However, little effort has been made to assess the quality of such interviewer observations. Using data from the Los Angeles Family and Neighborhood Survey, the paper examines measurement error properties of interviewer observations of neighbourhood characteristics. Block level and interviewer covariates are used in multilevel models to explain interviewer variation in the observations of neighbourhood features.
Introduction
New insights from urban sociology and social epidemiology have revitalized interest in neighbourhood characteristics and their effects (Sampson et al., 2002) , in particular the development of instruments measuring neighbourhood social processes and the physical environment. The relevance of these activities for survey research cannot be neglected, as neighbourhood characteristics have been found to be associated with survey outcomes (Sampson et al., 2002; Brooks-Gunn et al., 1997; Babey et al., 2008; Kawachi and Berkman, 2003) and with participation in household surveys (Couper and Groves, 1996; Campanelli et al., 1997; Groves and Couper, 1998; O'Muircheartaigh and Campanelli, 1999; Kennickell, 1999 Kennickell, , 2003 Lynn et al., 2002; Johnson et al., 2006; Bates et al., 2008; Durrant and Steele, 2009; Casas-Cordero, 2010) . For these reasons, neighbourhood characteristics are potentially ideal candidates to be used in responsive designs (Groves and Heeringa, 2006) and in non-response adjustments (Little, 1986; Kalton and Flores-Cervantes, 2003; Little and Vartivarian, 2003, 2005; Groves, 2006) .
Most of these studies used census demographic data rather than direct measures of the neighbourhood characteristics of interest (Groves and Couper, 1998; Kennickell, 2003; Johnson et al., 2006; Durrant and Steele, 2009) . Other studies have used data that are available from commercial vendors. Schräpler et al. (2010) , for example, linked commercial data on the immediate vicinity of the households from the Experian Mosaic data system to the German Socio-economic Panel Study. Unfortunately, not all neighbourhood constructs which are appropriate to explain the behaviour of households and interviewers during the survey recruitment process are available on census records or from commercial vendors. For example, in their survey participation model, Groves and Couper (1998) focused on the role of shared norms and values among potential respondents. They suggested that the lack of cohesion at the community level may have as its counterpart the isolation of individuals both from the local community and from society in general. This relative lack of participation or involvement in the community may reduce the willingness to engage in activities such as surveys (Groves and Couper (1998) , page 177). Indicators that capture such behaviour can be collected through observation.
Urban sociologists are interested in similar theoretically derived assessments of neighbourhoods (Diez-Roux, 2001; Sampson et al., 2002; Morenoff, 2003; Kawachi and Berkman, 2003) and have developed a series of reliable observational indicators (Taylor et al., 1995; Raudenbush and Sampson, 1999; Weich et al., 2001; Caughy et al., 2001; Craig et al., 2002; Brown et al., 2004; Andersen et al., 2006; Laraia et al., 2006; Zenk et al., 2007; Furr-Holden et al., 2008) . But, in these studies, observers are usually hired for the sole purpose of collecting neighbourhood data (Caughy et al., 2001; Weich et al., 2001; Dunstan et al., 2005; Zenk et al., 2007) or hired to code extensive videotapes collected of relevant neighbourhoods Cohen et al., 2000) . Thus these methods are time consuming and costly, and therefore less than ideal tools for regular survey production at the national level.
An alternative is the use of survey interviewers to collect neighbourhood observations. As part of face-to-face data collection efforts, many interviewers are already charged with making observations on respondent characteristics, attitudes and behaviours, and some surveys request interviewers to note housing unit or neighbourhood physical characteristics. Prominent surveys in the USA that collect such information are the Current Population Survey, the National Health Interview Survey and National Survey of Family Growth. In Europe, countries participating in the European Social Survey also collect similar observations and, in the UK, examples are the British Crime Survey and the Survey on British Attitudes.
Unfortunately, the predictive power of such interviewer observations of respondent, household and neighbourhood characteristics for survey participation have not always been as high as theoretically expected or as would be needed for successful non-response adjustment (Campanelli et al., 1997; Lynn, 2003; Durrant and Steele, 2009; Maitland et al., 2009; Casas-Cordero, 2010; Kreuter et al., 2010) . As Kreuter et al. (2010) discussed, this low correlation could in part be due to measurement error in interviewer observations. Although urban sociologists have looked at the measurement error properties of neighbourhood observations collected by specifically trained observers , the literature on the quality of neighbourhood observational data collected by interviewers is only now emerging. To our knowledge outside the Los Angeles Family and Neighborhood Survey (LAFANS) only one study has examined factors that influence interviewers' perceptions of neighbourhood characteristics (Eifler et al., 2009 ). The present paper attempts to fill this gap.
Data from the LAFANS (Sastry and Pebley, 2003a ) allow such assessments. Two features make this study particularly relevant for survey research. First, the study trained a single group of interviewers to collect both survey data and neighbourhood data-which mirrors how regular surveys collect observational data. Second, the study collected multiple independent observations on each sampled neighbourhood-which allows the estimation of variance components that are associated with interviewers or geographical groupings. Furthermore, data on interviewers are available to test whether certain interviewer characteristics influence their perception of neighbourhood characteristics, i.e. whether interviewers notice certain neighbourhood features, and how they rate such features. With these data we can address the following three research questions.
(a) How good is the agreement between ratings of neighbourhood features on the same block face (the street on one side of a city block), and how large is the variability in agreement across these features? (b) How much interviewer variance is there in the neighbourhood ratings? (c) Do available interviewer or neighbourhood characteristics explain variability in the neighbourhood ratings?
Rationale and design of the Los Angeles Family and Neighborhood Survey study
The LAFANS is a study of families in Los Angeles County and the neighbourhoods in which they live, with a stratified multistage probability sample of census tracts, households and individuals. In the USA, census tracts are the units that are most often used as geographical 'sampling points' (primary sampling units) for face-to-face household surveys. US census tracts are small statistical subdivisions of a county, with boundaries normally following visible features, but in some instances they may follow governmental unit boundaries and other non-visible features. They always nest within counties and average about 4000 inhabitants. (For more details see https:ask.census.govappanswersdetaila -id245.) A total of 65 US census tracts were selected out of three sampling strata in the LAFANS design. The LAFANS strata correspond to census tracts that were very poor (those in the top 10% of the poverty distribution), poor (tracts in the 60-89th percentiles) and non-poor (tracts in the remaining 60% of the distribution). Tracts in the 'poor' and 'very poor' stratum were oversampled at this first phase. (See Sastry et al. (2003) for more details.) For the purpose of this paper, we defined neighbourhoods by their census tract boundaries, since this is the most ubiquitous definition in the urban sociology literature.
Within the selected tracts (neighbourhoods), a preliminary sample of approximately 9400 addresses was drawn to complete a screener interview, which consisted of answering a single question about the presence of children in the household. Among those successfully screened, a subsample of approximately 4100 households was selected for the LAFANS sample. Households with children were oversampled at this second phase. Household rosters were completed with 3083 households and individual interviews were completed with approximately 85% of the selected respondents.
LAFANS interviewers collected observations of the physical environment in all selected census tracts. A special data collection instrument and training protocol was designed for this purpose. The material that was provided to the interviewers had exact definitions of the items that they were asked to observe. This includes descriptions of terms such as 'Graffiti: Spray-painting (or sometimes chalk) drawing or writing inscribed on rocks, walls, sidewalks, fences, etc. Does not include community murals' as well as descriptions of the use of rating scales:
'When estimating the amount of trash, your judgment is required. Below are some guidelines to help you get a feel for how the categories should work. None: No trash or junk is visible; Very little: If you look around carefully, you see trash in one or two places; Some: You notice trash or junk in three or four locations; A lot: You see trash or junk in several locations' (Sastry and Pebly, 2003b) .
Interviewers were trained to carry out their observations systematically, but fairly quickly, making the task similar to the one of interviewers in regular surveys. The observation protocol involved driving around the entire city block, and walking down each block face and recording the characteristics of that block face at the end of the walk. A block face is both sides of the street along one side of the block. If we think of a block as a rectangle, then a block face corresponds to the streets forming the sides of the rectangle. Many city blocks in the LAFANS data set are not proper rectangles but have more than four sides. Interviewers were instructed to complete these observations the first time that they visited the sampled block. 
Analytic sample
One of the special features of the LAFANS data collection effort is that several interviewers completed the neighbourhood observations on the same areas independently of each other. In some neighbourhoods (census tracts) up to six independent assessments are available in the LAFANS data, though some with a time lag of more than 6 weeks. Having multiple observations of the same neighbourhoods is unusual in regular face-to-face surveys. Since the LAFANS had the study of neighbourhood effects as its primary objective, extra effort was made to reduce the measurement error of the neighbourhood observations by increasing the number of observations that were available for each item of the planned scales.
To minimize external sources of variation, such as changes in the neighbourhoods or differences in the interviewer training and the time since training, we restrict the analytic sample to the pairs of observations that were completed closest in time (usually completed within a 2-week period (Peterson et al. (2007) , page 4)). Following this criterion, observations were dropped that corresponded to the third, fourth, fifth or sixth rating on each block face. A total of seven of the 35 interviewers rated fewer than 30 block faces, compared with a median number of 108 block face ratings per interviewer. To ensure enough variability those seven interviewers, and a total of 30 unique block faces, were excluded from the analysis. Table 1 displays the structure of the analytic data set. In total, there are 3998 records reflecting two independent assessments of 1999 block faces nested within 419 unique blocks, nested within 65 census tracts. The models that are used in this paper combine the multilevel structure given by the geography of small areas, and the cross-classification with interviewers (n = 28), which are given by the distribution of their work assignments. By cross-classification, we mean that interviewers are crossed with tracts and blocks, but interviewers are not nested within tracts or blocks. Each block and its block faces are nested in a single tract. However, blocks (and the block faces within) were observed by different interviewers, creating a partial interpenetration. Fig. 1 illustrates this situation, where interviewer 1 collected data on only tract (neighbourhood) 1, whereas interviewer 2, 3 and 4 collected observations in multiple tracts (neighbourhoods). Here 'interviewers and blocks' and 'interviewers and tracts' are cross-classified levels because none of them is completely nested within the other. In the analytic sample, each of the 65 sampled census tracts was observed by between two and eight interviewers with an average of five interviewers per tract; and each of the 419 blocks was observed by two interviewers. Each interviewer observed between two and 31 tracts with an average of 12 tracts per interviewer and between four and 88 blocks with an average of 30 blocks per interviewer.
In our analysis of interviewer observations, we focus on 16 items that correspond to neighbourhood observations of 'physical disorder' (n = 6), 'residential decay' (n = 5) and 'residential security' (n = 5). Signs of disorder and decay, which are also known as 'incivilities', are examined because they are theoretically linked to the mechanisms explaining co-operation in household surveys (Groves and Couper, 1998; Casas-Cordero, 2010) . Items on residential security are included in the analyses because similar variables appear in many surveys and are therefore of wide interest beyond the LAFANS. For the 'social disorder' indicators we shall report only descriptive statistics. Those items were left out of our more complex analyses because of the very low prevalence in most of these categories ( Table 2 ). The items indicating abandoned cars and drugs were excluded for the same reason.
The physical disorder items and the items measuring residential security were collected by using four-and five-category Likert-type questions. To facilitate comparisons and to address the skewness of the reported observations, all Likert-type items were dichotomized so that 1 means 'presence' and 0 means 'absence' of the characteristic being rated. (The original scale for the physical disorder items was 1, 'none', 2, 'a little', 3, 'some', and 4, 'a lot'. The original scale for most of the residential decay and residential security items was 1, 'none', 2, 'very few', 3, 'some', 4, 'many', and 5, 'all'. The item 'yards' was reverse coded before analysis. The item 'buildings' had a different scale (1, 'very poor', 2, 'poor', 3, 'fair', 4, 'very good', 5, 'excellent') and also had to be reverse coded before analysis.) Exact wordings for each item are displayed in Tables 2 and 3 . Within each panel in Tables 2 and 3 , the items are listed in the order that they appear in the observation forms. Unweighted estimates of the prevalence of each item, based on all records in the analytic data set (n = 3998), are also provided.
Items in the physical disorder scale captured a wide spectrum of disorder phenomena. Consistent with the literature, items that were considered 'less severe' (e.g. litter) were reported much more frequently than 'more severe' items (e.g. drugs). Items in the social disorder scale showed lower prevalence, which is consistent with the higher severity of the types of observations covered (e.g. the presence of gangs). Sample sizes are smaller for the residential decay and residential security items because some of them were not collected for block faces rated largely as non-residential.
Whereas urban sociologists might use the entire scale in their substantive analyses, this paper intentionally analyses measurement error in individual items rather than scales, for two reasons:
(a) to explore the properties of neighbourhood items that are currently being collected by large survey projects and (b) to inform future studies that need to decide which items to pick to minimize the additional burden on the interviewer when making these observations during the normal data collection process. (Analyses conducted in Sections 3 and 4 on the individual items also have been carried out on the full scales. The methodology and modelling results of the full scale analysis are discussed briefly in Sections 3 and 4. Additional details on these results can be obtained from the authors.) 
Explanatory variables
The knowledge that we have about the factors driving perceptions of neighbourhood characteristics comes from studies investigating residents' perceptions. Here Sampson and Raudenbush (2004) argued that increased past exposure to disorder increases the threshold at which disorder is perceived as a problem. Supporting this statement they and others found that older residents are less likely to perceive disorder than younger residents (Sampson and Raudenbush, 2004; Franzini et al., 2008) , and residents who are involved in their communities are less likely to perceive disorder than those who are not. The same mechanisms may not apply to non-residents, such as interviewers collecting data in unfamiliar neighbourhoods.
An interesting mechanism from the fear-of-crime literature links demographic characteristics to perception via the 'vulnerability perspective'. This perspective emphasizes individual demographics to explain fear and is based on the assumption that fear is greatest when individuals perceive that they are at a physical disadvantage against potential assaults and/or when individuals believe that they are particularly vulnerable to being victims of crime (Wyant, 2008) . Early research found that women (Clemente and Kleiman, 1977) and the elderly (Lee, 1983) were more fearful of crime-despite the fact that they were less likely to be victimized (Garofalo and Laub, 1978) . No clear directionality was found across studies for the effect of socio-economic status variables on perception of disorder (Mujahid et al., 2007) . Eifler et al. (2009) showed that perception of signs of incivility is increased through prior victimization experience; unfortunately those covariates are not available for this study.
Similar mechanisms might hold true for interviewers observing signs of disorder across different neighbourhoods. Interviewers who are more 'involved in their communities', for example, could perceive signs of disorder and decay more negatively when rating other communities. Similarly the fear-of-crime literature shows that the 'lack of familiarity' with a place is correlated with a heightened sense of insecurity and risk perception (Taylor et al., 1984) . Interviewers working in unfamiliar places thus might also be more likely to perceive signs of disorder.
One result from the USA indicates that-compared with other residents in the same neighbourhood-black and minority residents are less likely to report signs of disorder (Sampson and Raudenbush, 2004; Mujahid et al., 2007; Franzini et al., 2008) . Sampson and Raudenbush (2004) argued that increased past exposure to disorder increases the threshold at which disorder is perceived as a problem. Thus, given the history of racial segregation in the USA, it is possible that blacks have been exposed to more disorder than whites in the past and therefore it is possible that blacks and whites judge disorder differently.
Characteristics of the interviewers
In the LAFANS study, interviewer characteristics were recorded in the interviewer background questionnaire. In addition to demographic characteristics, the interviewer questionnaire captured information about the interviewers' own neighbourhoods (e.g. city of residence, satisfaction with own neighbourhood and how long they lived there). Descriptive statistics for the variables that are used here are displayed in Table 4 .
Race, the first variable in Table 4 , was used here as an indicator of 'potential exposure to disorder'. Age represents a correlate of 'vulnerability'. The third set of variables was intended to capture interviewers' 'community involvement' and was derived by us from questions on marital status, presence of children and community activities. Table 4 shows that, whereas white interviewers represented 35% of the interviewer crew, they collected 51% of the observations. Interviewers who were married represented 42% of the interviewers but collected 64% of the observations. When looking at the analytic data set (n = 3998) it is important to remember that these data reflect 'workloads' and not the distribution of the characteristics of the crew of interviewers.
The characteristics that are described here are considered 'fixed' for each interviewer, i.e. they do not change as the field work progresses. The next section describes a different set of variables that do not correspond to particular characteristics of interviewers or the blocks that they are rating, but to the interaction of the two. 
Characteristics of the occasion of measurement
In addition to neighbourhood and interviewer characteristics, there are some variables that arise as a combination of these characteristics. This is most prominently so for interviewers' familiarity with the neighbourhood to be rated. The variable 'neighbourhood close' indicates whether the distance between the interviewer's neighbourhood and the tract rated by him or her is less than or equal to 5 miles. We used longitude and latitude associated with the centroid of each census tract in the sample and the interviewer's place of residence to construct this indicator. The Stata 10 command geodist was used to calculate ellipsoidal distances between two georeferenced points-tracts' location and interviewers' residence location. The procedure uses Vincenty's equations to approximate the distance between two points on the earth's surface (Vincenty, 1975) . The variable 'experience with block' indicates whether the interviewer had any type of previous experience with the block (e.g. listing or interviewing) or not.
To capture the effect of 'temporal variability' (Raudenbush, 2003) on the ratings, indicators of the time of day ('rated after 5 p.m.') and the day of the week ('rated on weekend') were constructed. Just like familiarity, the time of day at which a block was rated is not a property of the block itself; nor is it a characteristic of the interviewer-the same block could have been rated at a different time if a different interviewer had been assigned to it or if this interviewer had chosen a different time. Thus we summarize these variables as characteristics of the occasion of measurement. Table 5 displays the distribution of the variables based on the block level data (n = 419).
Neighbourhood structural characteristics
The final set of correlates correspond to neighbourhood level attributes associated with neighbourhood socio-economic composition. Such measures are typically derived from census records. Following Sampson and Raudenbush (1999) we use three measures of socio-economic composition: concentrated affluence, immigrant concentration and concentrated disadvantage, plus an indicator of population density. The indicator of population density measures thousands of people per square mile and it is available at the census tract level. The measures of socio-economic composition are the result of a factor analysis based on variables from the 2000 census (Casas-Cordero, 2010) .
The principal factor method was used to analyse the correlation matrix. Under this method the factor loadings are computed by using the squared multiple correlations as estimates of the communality. Factors were rotated by using the 'varimax' (orthogonal) rotation method, all implemented as part of the factor command in Stata 10. The three factors evolving from this analysis were similar factors to those used in contemporary neighbourhood research on child developmental outcomes . The factor 'concentrated affluence' had an eigenvalue greater than 9 and had high loadings on census variables such as non-Spanish speakers, non-Hispanic origin, higher education, high income and executive or professional occupation. With an eigenvalue greater than 2 and high positive loadings for percentage of foreign born and non-citizens, and negative loadings for owner occupied, the second dimension in the factor analysis captured the degree of 'immigrant concentration'. The predominant interpretation for the third factor is concentrated disadvantage. This factor had an eigenvalue larger than 1.5 and loaded primarily on four variables: percentage in poverty, on public assistance, female head of household and black residents. The percentage of variance explained by the first three factors was 0.9269 (original solution) and 0.7657 (rotated solution). By construction, all factor variables have a mean of 0 and a standard deviation of 1. For the original items included in each factor see Table 6 . The variable population density was also standardized to facilitate comparability of the results.
Methodology
First, agreement was assessed by using κ-statistics (Cohen, 1960) , which are typically used to examine the agreement between two observers in categorical rating tasks. Cohen's κ is a measure of interrater reliability and ranges generally from 0 to 1.0. Large numbers mean better reliability; values near 0 suggest that agreement between the observers is due to chance. Next, the measurement error properties of the neighbourhood observations were examined by using cross-classified multilevel logistic regression models (Goldstein, 2010) . These models account for the clustering of housing units within interviewers and geographic areas, and they allow us to analyse how much of the variation in perception is due to the interviewers or areas that they work in. We examine which interviewer characteristics contribute to any variation across interviewers, and how the interviewer variance component compares with those estimated for geographic units such as tracts. The availability of repeated observations for interviewers and neighbourhoods allows for the estimation of such variance components. In a second step, covariates will be included in the model to see whether their fixed effects explain the variance in the random effects that were initially observed.
Analyses of random influences
The standard measurement error model that is used for neighbourhood constructs (Raudenbush and Sampson, 1999) has been conceptualized as using a three-level multilevel model, where neighbourhood observations are at the lowest level, block faces are at the second level and tracts are at the highest level. Looking back at Fig. 1 , the model can be viewed as an item response model at level 1, embedded within a multilevel structure in which the secondary units of measurement (here the blocks) at level 2 are nested within the units of primary interest, the neighbourhoods (here tracts which form level 3). The model has been extended by allowing for multiple characteristics (factors) to be measured simultaneously . Here, we propose to modify the standard model by allowing the estimation of interviewer random effects alongside the area level effects.
The multilevel structure of the data that are used in this paper is illustrated in Fig. 1 and is represented in model (1), where the dependent variable is a binary indicator taking a value of 1 if a neighbourhood characteristic, e.g. graffiti, is observed at a given occasion of measurement i in block j in tract k, rated by interviewer r, and has a value of 0 if it was not observed. The model includes three random effects to take into account the dependence between the observations within blocks (b j ), tracts (t k ) and interviewers (o r ). We also allow for a random-interaction effect (l .kr/ ) of the cross-classified factors tracts and interviewers:
. 1/ Model (1) corresponds to an 'unconditional' model because it fits the probability of observing a neighbourhood characteristic, e.g. graffiti, as a function of an overall mean β without covariates. The random effects are assumed to be normally distributed with variances γ 2 b , γ 2 t , γ 2 o and γ 2 l respectively. The models were fitted using SAS ® version 9.2 with the GLIMMIX procedure. PROC GLIMMIX fits the specified model by maximizing an approximation to the likelihood integrated over the random effects by using adaptive Gaussian quadrature; here the Laplacian approximation was used (Wolfinger, 1993) . The residual follows a logistic distribution, and the scale parameter is set to 1 in PROC GLIMMIX, so the residual variance is π 2 =3 by definition of the probability density function (Long (1997) , pages 47-48). Following Rabe-Hesketh and Skrondal (2012), page 536, we used likelihood ratio tests for the null hypothesis that each respective variance component is 0. For each neighbourhood item, five models are fitted starting with an empty model and adding one random effect at a time for interviewers (o r ), tracts (t k ), blocks (b j ) and tracts by interviewers (l .kr/ ). The model expressed by equation (1) can also be used to derive estimates of the unique interviewer (ρ int ) and tract (i.e. sampling point) (ρ sp ) contribution to the variation in the observed item prevalence (Snijders and Bosker (1999) , page 224). These estimates represent respectively the intraclass correlation between two observations made by the same interviewer in different blocks (equation (2)), and the correlation between two observations made on the same tract by different interviewers on different blocks (equation (3)). Given that neighbourhoods vary in their social composition and many other aspects, we would not be surprised to find natural variation associated with the neighbourhoods (Schnell and Kreuter, 2005) . Estimates of ρ int and ρ sp will be used to compare the extent of interviewer effects across different neighbourhood items and to gauge their magnitude. Items with high interviewer effects will be examined further:
Analyses of systematic influences
Analyses described above are used to assess different measurement properties conceptualized as random variation. In addition we employed models to assess systematic sources of variation associated with the interviewers, the occasion of measurement and the neighbourhoods (blocks and tracts). Here, also, the multilevel structure of the data is taken into account. Thus model (1) is extended to include covariates hypothesized to influence perceptions of disorder, as well as additional controls found to be influential on perceptions of disorder in the past. The extended model is given by
where I pr is a vector containing five interviewer variables (p = 5), B qj is a vector containing four block level covariates (q = 4) and T sk contains four tract level variables (s = 4). The regression coefficients that are associated with these covariates are α p , θ q and τ s . The same procedures used to estimate the unconditional model in equation (1) were used to estimate the conditional model in equation (4). The model includes random effects for interviewers (o r ), tracts (t k ) and blocks (b j ) and an interaction term between interviewers and tracts (l .kr/ ). The random effects are assumed to be normally distributed when conditioned on the covariates. The betweenwithin method (DDFM=BETWITHIN option) was used in computing the denominator degrees of freedom for the significance tests of fixed effects. This method partitions the residual degrees of freedom into between-subject and within-subject parts (Schlucter and Elashoff, 1990) . All analyses were done with unweighted data. Because the current analyses focus on interviewers' observations of blocks rather than on households or individual respondents, the LAFANS sample weights are not appropriate here. Cross-classified linear multilevel models were estimated to evaluate the effects on three summary scales: physical disorder, residential decay and residential security. Here also an unconditional model was estimated with random effects for interviewers, tracts and blocks, and a residual term that captures remaining variation including the interaction of interviewers and tracts. The same set of covariates was used.
Results

Agreement, reliability and measurement error in interviewer observations
At the outset of this paper, we posed the following research questions: 'How good is the agreement between ratings?' and 'How large is the variability in agreement across these features?'. A typical estimate of the extent of agreement between two binary outcomes is the percentage agreement between two observers. Agreement in the LAFANS study is very high for many items, in part because of the low prevalence of the disorder items. Most of the time the two independent observers agreed on 'not having seen' a certain sign of disorder. The problem with this estimator is that it does not correct for agreement due to chance. Fig. 2 displays both the percentage agreement for all 25 items (in grey), as well as Cohen's κ (in black), which corrects for chance agreement (Cohen, 1960; Hintze, 2005) . Percentage agreement was relatively high across all items (min = 0:66; max = 0:99). The social disorder items, however, achieved the highest scores (min = 0:87; max = 0:99). This result is not surprising since, given the 'severity' of the disorder items, most of the time the two independent observers agreed on 'not having seen' signs of social disorder. Once agreement due to chance is taken into account by the κ-statistic, the performance of the disorder items decreased (min = 0:00; max = 0:17). The κ-statistics for the remaining items varied considerably (min = 0:12; max = 0:62).
Overall, the values for Cohen's κ are moderate to low, and lower than most reliability estimates reported in the urban sociology literature-where specialized observers are typically used. One important limitation of the LAFANS data, for the purpose of estimating reliability, is that in most cases the observations that are available for each block face were made at two different time points. Thus, we cannot completely disentangle interobserver variability from temporal variability. Among the 1999 pairs of observations that are included in this analysis, only 23% were made on the same day and-among those observed on the same day-only 64% were made at the same time of day. To test the post hoc hypothesis that temporal effects impact observations, we replicated the analysis on the full sample (n = 3998) with a subset of observations collected on the 'same day' (n = 908), and again for those observations collected on the 'same day and time' (n = 586). Overall the results did not vary much between the 'full' sample, the 'same day' sample and the 'same day and time' sample Results suggest that most neighbourhood features under observation are not very sensitive to time difference. An exception was trash, whose estimate of agreement did not change much when going from the 'full' sample to the 'same day' sample, but increased when using the 'same day and time' sample. Other items showed unexpected patterns, such as security gates, for which agreement decreased when going from the full sample to the 'same day' and 'same day and time' sample. These results suggest that interviewer factors may be contributing to some of the relatively low agreement rates that were found here. Given this result, one could also argue that much of what is observed could have no relationship to the spatial characteristics of the areas but could be due to idiosyncratic characteristics of the interviewers. It is therefore interesting to evaluate unique interviewer effects ρ int in the perception of neighbourhood characteristics relative to the geographic effects ρ sp , where we would expect to find a source of variation. Fig. 3 displays this result. Estimates of ρ int correspond to the unique correlation between the observations collected on different block faces by the same interviewers. The higher this correlation, the stronger the effect of the interviewer on the observations that he or she collects. Estimates of ρ sp correspond to the correlation between the observations collected on different block faces that belong to the same neighbourhood (census tract). The higher this correlation is, the stronger the evidence for the effect of the phenomenon that we are measuring. Items such as indicators of bars on windows, boarded-up housing and vacant lots showed very low interviewer effects compared with tract level effects, suggesting that observers have a relatively clear-and common-understanding about how to rate these features. In the context of this study, this 'common ground' most probably comes from the special training that they received before conducting the observations, and because these items are more salient, and easier to understand. For other items, the influence of interviewer 'idiosyncratic' judgements was probably stronger. Examples of items with large interviewer effects include the observations of the presence of cigarettes, litter and security gates. When examining factors that influence the perception of neighbourhood characteristics, we shall focus on those that show higher interviewer effects than tract effects.
Factors influencing interviewer perceptions
In light of the significant contributions of interviewers and geographic areas to the variation in perception the question arises do available interviewer or neighbourhood characteristics explain any of those variance components? We shall answer this question in two parts. For two selected variables, we show the results for each modelling step in detail. For a large set of indicators, the final model is displayed directly. Table 7 displays the estimated coefficients for the conditional multilevel models in equation (4) for the two selected items: trash and graffiti. The bottom panel displays estimates of the variance components that are associated with interviewers, tracts, blocks and the variance that is associated with the interaction of the cross-classified terms.
The unconditional model (model 1) is used as a reference to compare the conditional models that incorporate the fixed effects of interviewers (model 2), the occasions of measurement (model 3) and the neighbourhoods (model 4). To allow comparison across models, the four models that are associated with each item were estimated on the same estimation sample-which corresponds to the sample that is used in the model with all covariates (model 4).
The interviewer variables in model 2 did not reach statistical significance for the perception of trash. Model 3 added the covariates that are associated with the occasion of measurement. Again, none of the covariates reached statistical significance. Model 4 incorporated the last set of covariates, which were derived from census records and represented features of the socioeconomic composition of the neighbourhoods being rated. Consistent with prior research, indicators of concentrated disadvantage, concentrated affluence and immigrant concentration were significant predictors of perceiving disorder. As expected, the indicator of population density was not significant.
When modelling the perception of graffiti, two interviewer characteristics stood out. White interviewers are exp.1:53/ = 4:62 times more likely than non-white interviewers to record graffiti, and older interviewers are almost a 12th as likely .1=exp.−2:47/ = 11:82/ to record graffiti than their younger colleagues. Including characteristics of the occasion of measurement did not change those coefficients (model 3); however, including neighbourhood characteristics did. The probability of perceiving signs of graffiti was higher in neighbourhoods with higher values on the variables disadvantage and immigrant concentration. As expected, the probability of observing graffiti in affluent neighbourhoods was lower. The same pattern was observed for the perceptions of trash. Two other findings are worth noting. First, the effect sizes of the coefficients of neighbourhood covariates were larger for graffiti than for trash. The second finding is the dramatic reduction in the coefficient that is associated with the tract level random effect when neighbourhood characteristics were included, which occurred for both trash and graffiti. This finding suggests that the neighbourhood covariates were successful in explaining the variability that is associated with tracts (neighbourhoods).
The results discussed for trash and graffiti were replicated, to a large extent, across the other items of physical disorder, residential decay and residential security. These results are displayed in Table 8 . The lack of predictive power of some of the covariates in the model is evident in the panel with the fixed effects. None of the variables involved in our hypotheses showed a consistent pattern-neither in terms of effect sizes nor statistical significance of the results. Interviewers with children, for example, were not more likely to see signs of litter on the block face. And interviewers living close to the area that they were rating were just as likely to see signs of deteriorated buildings as those living further away. The strongest influence on the ratings was, by far, neighbourhood socio-economic composition. Neighbourhoods with higher levels of immigrant concentration and concentrated disadvantage are positively associated with perceptions of all signs of disorder and decay; however, they were negatively associated with perceptions of security signs (secsign) and neighbourhood watch signs (ngwatch). These results make sense, since these signs are found in neighbourhoods with lower prevalence of disorder and decay. Accordingly, neighbourhoods with higher levels of concentrated affluence were negatively associated with perceptions of all signs of disorder and decay, but positively associated with perceptions-of-security signs (secsign) and neighbourhood watch signs (ngwatch).
The results for the entire scales (which are not shown but are available from the authors on request) match the patterns that are seen here, with interviewer age having some influence on the perception of residential decay, but not on physical disorder or residential security. No other interviewer characteristics influenced the scale perception. The tract level covariates showed effects on physical disorder, and residential decay, but not on residential security.
Discussion
Survey researchers are beginning to assess the potential use of observational data for methodological and practical purposes. Many surveys routinely require survey interviewers to collect observations on survey respondents. In this setting, adding neighbourhood observations to current call record forms may seem relatively easy. However, such requests create additional burden for the interviewers, and these data are not without measurement error. As a result, a revised version of the Raudenbush and Sampson (1999) model of measurement error for neighbourhood data was developed here and hypotheses about the influence of interviewer characteristics on the ratings were examined.
The revised model had three important features. First, it set up the analysis based on individual items rather than on a group of items (scales). Second, it incorporated interviewers as an additional level of clustering, which enabled the derivation of estimators for interviewer clustering effects. Finally the model incorporated different sets of covariates which were used to test hypotheses about the systematic influence of interviewers, occasions of measurement and neighbourhood characteristics on the perceptions of signs of disorder and decay.
We report three main findings, corresponding to the research questions that we posed initially. First, we note that there is only moderate reliability of perceptions among interviewers rating the same block faces. However, the reliability in perception varies considerably across items and is particularly high for the assessments of building conditions and appearances, as well as security-related measures. These items are also collected by survey interviewers more often than the specialized items composing the social disorder measure.
Second, interviewer effects on the probability of perceiving neighbourhood features are generally rather small and tend to be smaller than or similar to the sampling point effects. Among the few exceptions are the perception of neighbourhood watch signs in the neighbourhoods and the presence of security gates. Third, there was no evidence of the systematic influence of measured interviewer characteristics on the neighbourhood ratings.
The results suggest that idiosyncratic characteristics of interviewers do not influence their perceptions of disorder to a large extent. Despite the presence of random variation in the interviewer observations, the absence of systematic variation in those observations is good news to data collectors who plan to use interviewers to collect additional data used in nonresponse adjustment or responsive design decisions. One could argue, though, that interviewer characteristics that explain the variation in interviewer observations have yet to be identified.
These results can also be used to inform the selection of neighbourhood characteristics for interviewers to observe. For example, in a study that involves the observation of a wide range of neighbourhoods, similar to the LAFANS, even moderate amounts of variability due to interviewers may be tolerable as long as the variability due to the neighbourhoods themselves is still larger. In this case, it may be acceptable to include observations of items such as neighbourhood watch signs. However, in a survey that occurs in an area with less variation between neighbourhoods, interviewer influences on observations are a greater concern. In this case, survey methodologists may want to select items that are less influenced by interviewer effects relative to neighbourhood effects (such as the presence of vacant lots or boarded-up buildings) to capitalize on the ability to detect useful variation. The results from this analysis can help to identify which types of observation may be appropriate in each of these situations.
Of course there are some limitations in the present paper that are important to address:
(a) a lack of random assignment of interviewers to areas; (b) a focus on the analysis of individual items rather than scales and (c) limits on the generalizability of the results from this study.
We shall briefly discuss each issue here. The lack of randomization in investigations of interviewer variability could lead to overestimation of the interviewer effect (ρ int ) (Kish, 1962) . As Kish pointed out, the overestimation of ρ int could be great in those sampling operations where the interviewer has wide latitude in choosing his workload, but it might be small in surveys carried out at one limited site, where an approximation to randomization occurs automatically. The LAFANS study is much closer to the latter case, because all observations were completed in a single county. In this paper we analysed individual items rather than scales. As a result of using this approach, estimates of measurement error derived from the current analyses are most probably larger (i.e. provide an upper bound) than those derived from analysis of multiple items or composite scores. Researchers should consider these implications when evaluating whether to use measures of disorder derived from single items or composites scores for their substantive analysis.
The analyses that are presented here focused on variability across time and items. We did not examine estimates of reliability varying across places. As one of the reviewers for this paper suggested, it is conceivable that reliability decreases in areas where observations might be more difficult. Such differential measurement errors would be important to examine in future research.
One of the key features of the LAFANS study is that it combined (a) a state of the art questionnaire and training protocols for the collection of observational data and (b) a regular crew of survey interviewers to collect those observations. This study, however, was conducted in a single city in the USA; thus results presented here might not be generalizable to a broader setting. It is an empirical question, however, whether these results can be replicated in a multisite study or studies where training and other conditions in the field would vary greatly.
These findings are particularly relevant for the National Children's Study, which will collect data on neighbourhood environments throughout the USA by using the same items as were used in the LAFANS questionnaire. The National Children's Study is designed to be a longrunning, observational panel study of a nationally representative probability sample of 100 000 births to be followed from before birth to age 21 years. The study will examine the effects of the environment, which are broadly defined to include factors such as air, water, diet, sound, family dynamics, community and cultural influences, and genetics on the growth, development and health of children across the USA (see http:www.nationalchildrensstudy.gov). Unlike the LAFANS study, however, it will use different contractors across the USA to collect the survey data and (most probably) the neighbourhood observational data. Different contractors might use different data collection protocols to collect the observational data. The LAFANS instruments, the interviewer manual and the training protocol, are already state of the art methods and the results that are presented here most probably provide an upper bound for the sources of error for contractors aiming to collect this type of data.
Results from this paper assessed the magnitude of the measurement error that is associated with neighbourhood observations collected by survey interviewers. Surveys that use less developed material than the LAFANS might need to examine the reliability of interviewer observations. But even the detailed training manual was not enough in the LAFANS to remove interviewer variability in perceptions. Visually enhanced material could be helpful. From our analyses we cannot infer how such material should look. However, in the material that is used here there seems to be a disconnect between the fairly precise explanations that are given in the training material (i.e. for cigarettes: 'None-No cigarette or cigar butts or packages are visible. Little-You may see one or two items; Some-You notice more than 3 items or you see items in more than two locations. More than what you would encounter from a single careless passerby; A lot-You see 4 or more items or an item in several locations') and the rather coarse answer categories that the interviewers see when doing the rating ('none', 'very little', 'some' and 'a lot'). The reduction in scale labels could be due to reduced space on the paper-and-pencil form. As interviewers move towards handheld devices for listing and screening, explanations of categories could be embedded in the material. The next step is to develop instruments or training protocols that are aimed at reducing those sources of errors. Future research along these lines might be inspired by more recent studies on interviewer observations of other elements aside from neighbourhood characteristics. For example, West (2010) and McCulloch et al. (2010) are currently examining measurement error in interviewer observations of respondent characteristics, and Sinibaldi et al. (2011) are exploring measurement error in interviewer observations of housing unit characteristics. Alternatively neighbourhood and housing unit observations could be collected by a separate set of observers, which is an approach that is more common among neighbourhood researchers. Observers can then be well trained and asked to do all ratings in pairs. The day and time that observations are taken can also be better controlled with this approach. However, there is a trade-off between quality and cost. Asking interviewers to make those observations in addition to their primary data collection does not add additional travel cost but increases the risk of higher measurement error. Training special observers, and having them make neighbourhood and housing unit observations, will increase costs but might help to reduce measurement error. Future research will need to determine the value added of those neighbourhood observations, e.g. when used in non-response adjustment.
